Abstract : Texture analysis characterizes regions in an image by their texture content and has been utilized to infer the underlying structures of medical images such as skeletal muscles. Although potentially useful in tissue diagnosis and assessing disease progression of neuromuscular diseases, the use of texture analysis in such purposes are limited, due to lack of information such as effects of aging. Thus, we performed texture analysis of medial gastrocnemius in healthy individuals form their 20s to late 80s. Among the 283 texture features in 6 classes, the features related to histogram, co-occurrence matrix, absolute gradient, and wavelet were correlated to age in 17-40% % of the parameters, while none of the features related to run-length matrix and autoregressive model had significant correlation to age. This study showed that age-dependency in many texture features are present and need to be taken into account in elucidating the clinical significance. By contrast, the features related to runlength matrix and autoregressive model could have clinical utility. J. Med. Invest. 65 : 274-279, August, 2018
INTRODUCTION
Muscle ultrasound is a non-invasive imaging technique that detects histological abnormalities as seen in various neuromuscular diseases, both neurogenic and myogenic in nature (1) . In order to avoid subjective bias, muscle images have been assessed quantitatively, employing parameters such as thickness, echo intensities, and a pennation angle, all of which eventually reflect macroscopic observation (2) . On the other hand, texture analysis can be regarded as a microscopic view of images, by quantifying intuitive qualities described as rough, smooth, or bumpy as a function of spatial variation in neighboring pixel intensities (3) . Various texture analysis features have been widely utilized in different imaging modalities, such as CT, MRI, mammography, and PET (3, 4) . By quantifying a target tissue, characteristic texture features could directly connect imaging characteristics and underlying pathology, thus become an integral component of a modern concept of radiomics (5) .
Texture analysis of skeletal muscle ultrasound has potential clinical implications in neuromusclar diseases. For instance, Sogawa and colleagues recently reported that texture analysis of muscle ultrasound can distinguish patients with myogenic and neurogenic diseases, thus texture analysis could be a useful technique to assess underlying muscle pathology (6) . Nevertheless, detailed information in muscle texture features is yet fully available and clinical application of texture analysis should be based on careful evaluation of texture parameters, including potential agedependency. Therefore, the aim of the present study was to assess potential age -dependency of texture features of skeletal muscle ultrasound images.
METHODS

Inclusion criteria of the subjects
The study was approved by the Institutional Review Board of Vihara Hananosato Hospital and Tokushima University. The subjects gave written informed consent at the time of the testing. Asymptomatic control subjects were recruited and prospectively assessed that he/she had no neurological symptom or sign. Specifically, an individual who reported symptoms suggesting cervical radiculopathy (e.g., neck pain, radicular pain, a history of whiplash injury), and peripheral nerve dysfunction as well as having medical history suggestive of potential neurogenic and myopathic conditions (e.g., diabetes mellitus, previous use of substances and drugs that are known to affect the neuromuscular system) were excluded.
Muscle ultrasound
A single sonographer (N.T.) performed sonography using a LOGIQ7 ultrasound machine (GE Healthcare) with a fixed 11-MHz linear-array transducer. Subjects were tested in the supine position, and their right medial gastrocnemius muscles were studied. The muscle was selected to because it could be affected by both neurogenic and myogenic disorders. The images obtained were saved as a bitmap format and assessed offline as described in the following paragraph. 
ORIGINAL
Age
Texture analysis
Calculation of texture features was performed using the MaZda program, version 4.6 (Technical University of Lodz, Institute of Electronics, Poland). A single author (K.S., with 6 months of analyzing experience), who was blinded to the clinical information (e.g., name, age, gender), performed the texture analysis. For each subject, an eclipse-shaped ROI that covered the largest area of the gastrocnemius muscle and did not include the epimysium was selected. The ROI size ranged from 23,000 to 92,100 pixels, depending on the volume of the muscle. The MaZda program yields the following 283 parameters : histogram-derived parameters, absolute gradient (spatial variation of gray-level values), runlength matrix (counts of pixel runs with the specified gray -scale value and length in a given direction), co-occurrence matrix (information about the distribution of pairs of pixels separated by given distance and direction), autoregressive (AR) model (description of correlation between neighboring pixels), and wavelets (decomposition image frequency at different scales) (7) .
In order to identify texture parameters that are prone to ages, two "attribute selection" strategies were applied in three equally divided groups of subjects according to the age of the subjects. In order to avoid duplicate analysis, the number of texture parameters were reduced by limiting the direction and distance of two pixels to the horizontally adjacent ones. For example, co-occurrence matrix was calculated at five angles (0! , 45! , 90! , 135! , and 180! ) between pixels that are 1, 2, 3, 4, or 5 pixels away to each other. In case of run-length matrix-related parameters, only parameters calculating horizontally were selected. Thus, a total of 39 texture parameters out of 283 were analyzed by the following two evaluating methods using the Weka machine learning software (version 3.8.0, University of Waikato, NZ). (1) "CorrelationAttributeEval" evaluates the worth of an attribute by measuring the correlation (Pearson's) between it and the class. (2) The OneR classifier evaluates the worth of an attribute (" OneRAttributeEval"). Attributes are ranked by the square of the weight assigned by support vector machine. Attribute selection for multiclass problems is handled by ranking attributes for each class separately using a one-vs-all method and then "dealing" from the top of each pile to give a final ranking.
Data analysis
SPSS version 20.0J (Tokyo, Japan) was used for statistical analysis. A statistically significant P value was set at 0.01 due to the large number of texture parameters.
RESULTS
The demographics of the subjects are shown in the Table 1 . The age distributions of women and men were similar, whereas the body mass index was greater in men than in women. The both gender groups had negative correlation between the age and height (P = 0.016 (combined), P = 0.002 in both women and men), but there was no correlation between the age vs. weight or bone mass index in either gender. The representative sonographic images from representative subjects are shown in Figure 1 . As the histograms show, the mean signal intensity of the younger subject 
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(a 24 -year -old man) was slightly lower than the older subject (a 76 -year-old man), but the standard deviations were similar, thus the distinction of the images was not straightforward by the histogram alone. The representative ultrasound image and its ROI (Figure 2 A), its histogram ( Figure 2B ), and the texture features ( Figure 2C ) are shown. Because texture parameters have been reported to be different between genders 8 , texture parameters were first compared between those in men and women (Table 2) . At the significant P value at 0.01, 13/283 texture parameters (4.6%) respectively showed significant differences between the genders. Among the six texture classes, no class showed significant difference from others in terms of the frequencies of having significant P values. However, histogram, co-occurrence matrix, and AR model tended to show higher frequencies of significant gender difference than others.
Correlation between the age and a texture parameter was then studied (Table 3) . At the significant P levels at 0.01, 45/283 (15.9%) texture parameters respectively showed significant correlations Figure 2A . The histogram of grayscale is shown in Figure 2B , while and the representative texture features are shown in Figure 2C . with the age. Notably, such correlation was not strong in men (1/ 283 texture feature showed significant correlation), whereas women had the same frequency of correlation (45/283) (P!0.0001 : Fisher's exact test). Among the six texture classes, the texture parameters related to run-length-matrix and AR model showed no significant correlation with the age. By contrast, absolute gradient and wavelet-related texture features showed frequent correlations with age, followed by histogram and co-occurrence matrix ( Figure 3) . In order to identify factors to discriminate 3 groups of different ages, 39 representative texture features were selected (Table 4) . Again, the texture features belonging to histogram, co-occurrence matrix, or absolute gradient were selected, whereas none of the texture features in the run-length-matrix and AR model was selected.
DISCUSSION
In this study, we assessed potential correlation between texture features and age in sonographic images of gastrocnemius muscle Co−occurrence matrix (2) in normal subjects. We showed that there was significant difference of age-dependency among the classes of texture features. Notably, none of the texture features belonging to run -length matrix and AR model had age -dependency.
Characteristics of different texture classes
Texture features are derived from the information that are contained in the pixels of the image structure. These features are grouped into six different categories, that are discussed below. More detailed description by the developers of texture software is available (7) . (1) First-order statistics are derived from the histogram of pixel intensities. Features such as the mean value, dispersion, asymmetry and sharpness are calculated. (2) A co -occurrence matrix or co-occurrence distribution is a matrix that is defined over an image to be the distribution of co-occurring grayscale pixel values at a given offset. In MaZda software, the distances of the two pixels of 1, 2, 3, 4, and 5 with angles of 0, 45! , 90! , and 135! were considered. (3) Run-length matrix -related feature are calculated from a run-length matrix that is defined as the number of runs with pixels of gray level and run length. (4) Absolute gradient. The gradient of an image measures the spatial variation in greylevel values across the image. This method evaluates the relationship of variations in grey-level intensity values across neighboring pixels. (5) The AR model assumes a local interaction between image pixels in that pixel intensity is a weighted sum of neighboring pixel intensities. (6) The discrete wavelet transform is a linear transformation that operates on a data vector whose length is an integer power of two, transforming it into a numerically different vector of the same length. It separates data into different frequency components and studies each component with resolution matched to its scale.
Muscle texture features and gender
Several studies investigated the characteristic features of various texture parameters between genders. Molinari and colleagues compared texture features in young healthy individuals, mostly in their 20s and 30s (8) . The authors reported that firstorder texture features could distinguish the two genders. In addition, higher -order texture features such as Haralick, and local binary pattern features distinguished the genders. Higher echo intensity was commonly reported by the authors and previous studies (8, 9) . Molinari and colleagues performed MANOVA analysis to distinguish between genders by using first order features alone and showed that medical gastrocnemius showed small canonical variables and the data from two genders were overlapping.
The data of the present study cannot be directly comparable to the previous studies due to different muscle groups and age distributions. Due to the large number of texture parameters, we have set the significance of the P value to 0.01, thus significant gender difference was present only 13/283 (4.6%) of the texture parameters.
Texture features and age
With aging, a number of changes in skeletal muscles become obvious, most notable in decline of muscle volume as shown by muscle CT (10) . Elderly age is associated with decrease in subcutaneous fat (parallel to the loss of lean body mass) and the emergence of ectopic fat in muscle and other organs (11) . To reflect both the quantitative and qualitative changes, skeletal muscles in the elderly show characteristic imaging features. Recently, Watanabe and colleagues reported correlations between physical characteristics (age, height, weight, body mass index, muscle strength) and several texture features (mean, skewness, kurtosis, inverse difference moment, angular second moment, and sum of entropy) in healthy adults (12) . Our study is in line with the study by Watanabe and colleagues to show age-dependency in some of the texture features. Our data indicated that women had more age dependency in their muscle texture features due to some potential reasons. First, our subjects were not equally distributed. The number of women were more than that of men, as well as more women in the oldest subjects. This difference in gender could be the reason why men showed age -dependency in texture features.
Clinical indication
This study is relevant for clinical settings. Given the recent advent of radiomics that utilizes quantitative imaging features including texture features in oncology and related fields (5, 13), there would be little doubt that this methodology of quantitative imaging analysis can be applicable to neuromuscular ultrasound. Indeed, there have been several studies to assess the texture characteristics of skeletal muscles ( 6, 12, 14, 8, (15) (16) (17) . Among these, texture analysis of muscle ultrasound was reported to be useful in identifying the underlying etiology (i.e., myogenic vs. neurogenic in nature) (6) and in being potentially utilized as a disease biomarker, such as in amyotrophic lateral sclerosis (17) . However, before reliably using muscle texture features in any clinical settings, these should be carefully assessed in the confounding factors, such as gender and aging. Watanabe and colleagues recently showed that there was indeed aging effects in the muscle texture features, although they analyzed only 6 texture features (12) . Our study is in agreement with the study by Watanabe and colleagues and further extended the classes of texture features.
Limitations
As mentioned earlier, this study has limitations. First, the number of the subjects were not large. The gender was not equally distributed, largely due to smaller number of elderly men. Also, only one muscle was tested, such that generalization of the present data was difficult to be drawn. Still the authors are not aware of a study to assess a large number of texture features on their agedependency. Second, analysis using grayscale could be influenced by system setups. By contrast, the calibrated muscle backscatter method was reported to have higher reliability among different ultrasound systems (18) . In an uniform recording setting, however, the grayscale and the calibrated backscatter method resulted in highly linear correlation (19) , which could favor the use of the more easily obtainable grayscale method. We are unable to find such correlation and comparison regarding texture features between the two recording methods.
Further study is clearly indicated on texture characteristics of other muscle groups in large number of subjects.
CONCLUSION
In conclusion, the present study assessed a large number of texture features in a wide range of age group showed age-dependency in many features. Thus, age should be taken into full account when utilizing texture features into diagnosis or disease progression in neuromuscular diseases. Of note, given the lack of age -dependency in the texture features related to run-length matrix and the AR model, these features could be employed as useful imaging markers for clinical use in a wide range of age groups.
